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Abstract: Objective: This study enhances clinical interpretability and calibration of real-time 60-minute hypoglycemia risk from
Continuous Glucose Monitoring. It reframes Hidden Markov Model risk as a posterior-weighted probability of glucose < 70mg/dL,
compared with logistic regression and a stacked ensemble. Methods: We developed an interpretable HMM P70 model for
comparison of its performance with regularized logistic regression and a stacked ensemble. Evaluation, using a multi-patient CGM
cohort, discrimination, calibration and net benefit Results: HMM P70 showed significantly improved calibration and lower Brier
scores. However, logistic regression and ensemble models had improved discrimination, net clinical benefit, and earlier alert. The
best combined performance was provided by the ensemble model. Conclusion: HMM P70 is a well-calibrated, interpretable real-
time risk signal. It is complementary to more discriminative logistic regression models, which will help improve understanding and
safe deployment of hypoglycemia risk tools.

Keywords: Continuous Glucose Monitoring, Real-time risk management, Clinical interpretability, Stacked Ensemble, Diabetes
management

1. Introduction

CGM is a fundamental part of type 1 and 2 diabetes management compared to the traditional one that does
not provide sufficient knowledge on the temporal dynamics of diabetes risk assessment ([5]). The traditional machine
learning classifiers are not sensitive to the time dynamics inherent in the diabetes risk assessment ([1]). Hidden
Markov Models can be inferred quickly and interpreted to latent states, but simple state means can lead to risk
predictions that are not well calibrated. This study redefines HMM risk as the probability of the glucose level being a
rate at the risk of being <70 mg/dL when weighted by the posterior probability, and compares this risk measure with
a logistic regression model ([2]) ([6]). An accurate blood glucose prediction is essential in making an informed
decision about insulin, diet, and physical activity, which results in improved quality of life, as well as other minimized
health problems ([10]). Machine learning, and especially HMMs, are being identified as having potential in predicting
clinical measurement sequences into useful knowledge to characterize risk and progression of diseases ([13]). It is
especially important in Type 1 diabetes when consistency of glucose levels will be required to avoid long-term
complications ([14]). The dynamic properties of glucose, which are affected by diet, activities, and medication
conditions, necessitate an advanced modelling of effective forecasting of hypoglycemia ([7]). The detection of early
hypoglycemia is a very important issue because it is both potentially life-threatening and asymptomatic, which is why
it is essential to have very powerful models that can offer well-defined actionable risks that can be assessed on the
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self, and negative glycemic events can be prevented ([6]) ([17]). The conventional approaches to predicting blood
glucose levels, including ARIMA and LSTM models, have been significantly used to forecast different glucose levels,
but they might not be able to represent the non-linear processes of glucose regulation in real-time ([11]). Therefore,
it necessitates a more confident prognostic model, which will allow the identification of the high-risk group of persons
and predict their future glycemic conditions. This is beneficial in targeted interventions and better patient outcomes
([13]). Also, this form of framework facilitates a holistic analysis of the model performance on different platforms
(e.g., statistical discrimination, calibration, and decision-analytic utility), which is essential in evaluating predictive
Al models in healthcare environments ([3]). This scientific assessment tool is applied to guarantee that the models are
statistically sound, in addition to being clinically actionable; hence the issue of reliability and applicability in practical
settings is addressed in this writing ([12]). Honest reporting practices and ethical conduct support the scientific
methodology applied. The compliance to data preprocessing, hyperparameters optimization, and healthy model testing
is necessary to produce quality machine learning systems within the medical field ([3]). This is an intensive process,
starting with the preparation of data and concluding with the validation of the data and the fact that development of
predictive, reliable models of hypoglycemia is a complex and multifaceted issue ([4]) ([8]). This thorough validation,
with a focus on clinical utility and interpretability, prevails in the successful application of machine learning
applications to endocrinology and managing diabetes, where the priority is not so much on theoretical quantitative
features but on actual patient outcome ([9]) ([15]). The novelty of this work is the introduction of a specific state-
space structure of the prediction of real-time, clinically interpretable hypoglycemia based on Hidden Markov Models.
Earlier versions of HMM implementations have difficulty in risk predictions that are not well calibrated. This is
directly approached by recasting the HMM risk as a posterior-weighted entity of glucose levels being 70mg/dL or less
(P70 score). This novel change greatly enhances the calibration, resulting in a better and clinically interpretable signal.
We introduce a complete working framework of real-time management of hypoglycemia risks that are benchmarked
with a regularized logistic regression model and a stacked ensemble.

2. Methods

2.1 Data Sources and Population of the study.

Two continuous glucose data sets, one of which is an internal development cohort secondary data as used
by([4]), and the other is an external validation cohort (secondary data as used by ([16]). The internal cohort sample
consisted of 6 Type 1 diabetes study participants (873,702 CGM timepoints; median 146,197 /patient), and the external
sample consisted of 11 patients (80,329 CGM timepoints; median 2,749/patient) in a different clinical unit. The people
needed to possess no less than 72 hours of data from CGM and no less than 1 episode of hypoglycemia. Those sessions
with more than 30 per cent gaps in CGM data or sensor warming up / calibration issues are excluded. Preprocessing
of CGM values was accomplished to 5 5-minute grid, which removed artefacts. The result indicates that the action
of Hypoglycemia was largely varied, with an internal median of 0.0005 and an external median of 0.0105, which is
typical of dissimilar clinical states.

2.2 Outcome Definition

The primary prediction was regarding instant hypoglycemia within a 60-minute period. Any CGM below
70mg/dL for a duration beyond 15 minutes at the subsequent 60 minutes[t,t+60] is regarded to be positive. In the case
of alert evaluation, a true-positive alert was seen to have occurred 60 minutes after the initial occurrence of the event
with 60 60-minute refractory period. This will ensure unnecessary alerts are eradicated.

2.3 Predictive Models

We have evaluated three model classes which forecast 60-minute risk of hypoglycemia:

A Gaussian-emission HMM was trained on the input features of [glucose, 5-minute delta], and the
multivariate sequences were trained. The parameters were fitted using the expectation-maximisation algorithm on the
internal cohort. To enable clinically viable dynamics of CGM, our HMM was trained to include four hidden states
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(i.e. Stable, Declining, Rapidly Declining, High Risk) to enable interpretation of risks in a transparent manner and
provide a straightforward mapping to physiological glucose levels. Parameters in emission distributions of each state
were parameterized with CGM values and time properties, and transition probabilities were learnt through maximum
likelihood. In order to be usable in real-time, filtering posteriors were used. To minimize variation in the prediction
of the risk in the noted rates of occurrences, isotonic regression calibration was applied, which increased reliability.

A penalized L2 logistic regression model was trained using the internal cohort and such features as current
CGM, deltas, short-term variability and temporal covariates. The cross-validation was used to select the
hyperparameters.

The HMM and logistic regression risk scores were stacked, enabling a shallow logistic regression meta-
learner together with stacking on the patient level to remove optimistic bias. All the models were trained and only
adjusted in the internal cohort; they were to be independently validated in the external cohort.

2.4 Model Training, Calibration and Risk Scoring.

Models were trained on internal cohort, temporally ordered data with splits to prevent leakage. Repeated
cross-validation was used for hyperparameter tuning. Raw scores were put in scales to estimate 60-minute risk, and
where it was essential, post-hoc calibration was implemented. Per-timepoint risk scores were used as a basis of
analysis.

2.5 Discrimination and Overall Accuracy

Model discrimination was assessed using AUC and AUPRC. Overall probabilistic accuracy was quantified via
the Brier score. 95% confidence intervals were computed using patient-level cluster bootstrapping.

2.6 Calibration

Calibration was evaluated by comparing mean predicted probability in risk bins against observed hypoglycemia
rates. Calibration curves and Brier scores summarized performance, with internal/external curves compared for
transportability.

2.7 Decision-Analytic Evaluation

Decision curve analysis quantified the trade-off between false positives and safety margin. Net benefit was
calculated across risk thresholds and compared against "treat-all" and "treat-none" strategies, with 95% confidence
intervals from cluster bootstrapping.

2.8 Alerting Configurations and Lead-time Analysis

Alerting thresholds are aimed at approximately one alert per patient-day in the internal cohort. Lead times for
true-positive alerts (hypoglycemia within 60 minutes) were summarized by mean and empirical quantiles (P10, P25,
P50, P75, P90) to understand warning times under a fixed alert burden.

2.9 Statistical Analysis

All analyses were timepoint-level, with patient clustering addressed via cluster-bootstrap for 95% confidence
intervals on AUC, Brier score, net benefit, and lead-time quantiles. Model development and evaluation were
implemented in Python using reproducible pipelines.

3. Results

This section presents the results concerning discrimination, calibration, and decision-analytic performance of
the evaluated models across internal and external cohorts. From Table 1, the logistic regression model generally
outperformed HMM in AUROC and AUPRC, indicating superior discrimination, while HMM P70 consistently
achieved lower Brier scores, suggesting better calibration.

1187



Table 1: Discrimination, calibration, and decision-analytic performance by cohort and model. AUC
and Brier score summarize discrimination and overall accuracy.

Cohort | Model AUC | Brier | Net Benefit (1%) Net Benefit (5%) Net Benefit (10%)

Internal | HMM 0.853 | 0.032 | 0.0278 (0.0161, 0.0388) 0.0135 (0.0050, 0.0231) 0.0000 (0.0000,
0.0000)

Internal | Logistic | 0.880 | 0.055 | 0.0149 (0.0102, 0.0211) 0.0101 (0.0062, 0.0148) 0.0062 (0.0035,
0.0088)

Internal | Ensembl | 0.841 | 0.032 | 0.0251 (0.0127, 0.0404) 0.0145 (0.0060, 0.0233) 0.0021 (0.0016,

e 0.0028)

Externa | HMM 0.812 | 0.022 | 0.0030 (-0.0003, 0.0058) -0.0110 (-0.0153, -0.0067) | -0.0290 (-0.0415, -

| 0.0174)

Externa | Logistic | 0.865 | 0.008 | 0.0017 (-0.0023, 0.0045) 0.0010 (-0.0002, 0.0021) -0.0003 (-0.0006, -

| 0.0001)

Externa | Ensembl | 0.825 | 0.008 | -0.0023 (-0.0060, 0.0011) | -0.0086 (-0.0128, -0.0050) | -0.0001 (-0.0003,

| e 0.0001)

From Table 2, the lead-time performance obtained is so good that the Ensemble model can deliver clinically
significant early warning of hypoglycemia in most of the true-positive cases, which can be 15 to 45 minutes with a
median around about 30 minutes, and this is the time interval that is needed to administer carbohydrates and a change
in insulin dose. Even the small percentage of near-immediate occurrences has to be considered, which implies that the
safety layers and conservative settings have to be put into place in a high-risk situation. Overall, the allocation and
fair operating thresholds and alert hygiene should be provided with sensible proactive prevention and a moderate alert
load.

Table 2: Distribution by model and cohort Lead-time distribution (minutes) of true-positive alerts at a
budget of one alert per patient-day.

Model Cohort Mean P10 P25 P50 P75 P90
Ensemble Internal 19 5 5 10 30 37
External 5 5 5 5 5 5
HMM Internal 19 5 5 5 30 55
External 26 8 13 20 40 50
Logistic Internal 20 5 5 15 25 45
External - - - - - -

At a strict budget of one alert per patient-day, true-positive alerts generally occurred tens of minutes before
hypoglycemia, with median lead times between approximately 5 and 20 minutes. For instance, in the external cohort,
the HMM produced longer median lead times of approximately 20 minutes (90th percentile ~50 minutes). In contrast,
the logistic regression model yielded no true-positive alerts at this constrained operating point, highlighting the
difficulty of achieving early warning with very low alert rates.
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A Internal cehort

Internal cohort ROC curves with 95% CI

B External cohort

External cohort ROC curves with 95% CI
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Fig .1. Receiver operating characteristic curves for the HMM, Logistic, and Ensemble models in the internal
and external cohorts.

As shown in Figure 1, all three models achieved high discrimination in both cohorts (AUC 0.84-0.88 internally

and 0.81-0.86 externally), indicating a strong ability to rank-order timepoints by near-term hypoglycemia risk despite
differences in case mix.

Calibration of 60-min Hypoglycemia Risk Predictions
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Fig.2.Calibration of 60-minute hypoglycemia risk predictions.

Calibration plots for the HMM, regularized logistic regression, and ensemble models in the internal (A) and

external (B) cohorts.

Figure 2 graphically demonstrates the HMM's superior calibration, especially for the internal cohort and its

relatively maintained performance externally, directly supporting the choice of the HMM P70 for its reliable risk
estimates
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Internal cohort External cohort

Decision curve analysis with cluster-bootstrap 95% CI: Internal cohort  Decision curve analysis with cluster-bootstrap 95% CI: External cohort
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Fig .3. Decision curve analysis comparing internal and external cohorts for 60-minute hypoglycemia
prediction.

As shown in Figure 3 in the internal cohort, the HMM - and ensemble-based models achieve higher net benefit
than both treat-all and treat-none at clinically relevant low thresholds, with bootstrap confidence intervals consistently
above zero. In the external cohort, net benefit is markedly attenuated, and confidence intervals frequently cross zero,
indicating that apparent internal gains in clinical utility do not generalize fully to the external population despite
preserved discrimination.

To quantify the trade-off between false positives and safety margin, decision curve analysis with patient-level
cluster bootstrap confidence intervals was performed in both internal and external cohorts. In the internal cohort, at a
1% decision threshold, the ensemble model (net benefit of 0.0251) and HMM (0.0278) consistently provided higher
net benefit across thresholds up to 5-10% compared to logistic regression (0.0149), reflecting a better balance between
avoided hypoglycemic events and false alarms.

However, in the external cohort, net benefits were smaller and often near zero. The logistic model showed
marginal positive benefit (0.0010 at 5% threshold) while HMM and ensemble occasionally yielded negative net
benefits (e.g., —0.0110 for HMM). This suggests that conservative thresholds and better-calibrated models, like logistic
regression, may be preferable in new populations if minimizing unnecessary interventions is paramount. Overall,
decision curves highlight that lower thresholds (1-5%) favour safety, with HMM and ensemble yielding more net
benefit internally, but at higher thresholds, differences narrow, and externally, same models can become net
harmful. Table 1 reports the corresponding performance outcomes.

In decision-curve analysis (Figure 3), the HMM and ensemble models provided clear net benefit over treat-all
and treat-none strategies in the internal cohort at low decision thresholds. In contrast, in the external cohort, net benefit
was small and often indistinguishable from zero across clinically relevant thresholds. The external cohort, decision
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curves showed minimal or negative net benefit at clinically relevant thresholds, likely reflecting differences in
outcome prevalence and calibration drift relative to the internal development cohort, rather than a complete loss of
discrimination.

4. Discussion

A 4-state Hidden Markov Model was chosen for flexibility, interpretability, and robustness. Its four latent states
(stable, rising, falling, pre-hypoglycemic) align with distinct glucose regimes; fewer states merged patterns, while
more were difficult to interpret.

Statistical comparisons (2-6 states) on the internal cohort showed fit improved up to 4 states (AIC/BIC, log-
likelihood). Beyond this, gains were marginal; some models overfit. The 4-state HMM provided stable, reproducible
state sequences and clear glucose distributions, vital for clinical understanding and real-time risk communication. This
proved to be a primary model that was able to achieve clinically relevant dynamics without becoming uninterpretable
and irrelevant.

Our study demonstrated a high degree of discrimination of the probabilistic models generated from CGM data
in predicting 60-minute risk of hypoglycemia and the improvements provided net benefits of clinical significance,
although these improvements were small under dataset shift. All three models had good AUC with a low Brier score
for the internal cohort. HMM and ensemble methods showed a beneficial net effect at a low decision threshold that
can be indicative of an early alarm for hypoglycemia.

In an external cohort, the discrimination was still high, and the calibration was getting worse; therefore, there
was little or no net benefit. This therefore infers that thresholds in terms of nominal risk may not necessarily translate
to clinical benefit if not recalibrated adequately. It again calls back to the fact that AUC alone can not be used for a
safety-critical deployment, and more calibration and explicit decision analytic performance evaluation across cohorts
is needed.

The following are the Limitations, which are a small cohort size, a simple set of features, 60-minute fixed
prediction horizon and no adaptive online recalibration process. So, in future efforts, the focus should be on models
trained on much wider and more diverse populations and on the use of much richer context data, and looking for
exciting recalibration techniques.

5. Conclusion

In humour, the rethinking of HMM risk as a posterior-weighted probability of glucose < 70mg/dL works
wonders in the calibration. High discrimination, low Brier scores, and positive net benefit at low decision thresholds
in the internal cohort using a model with an interpretable four-state HMM, logistic regression, and a stacked ensemble.
This included supporting strategies for early warning to reduce missed events without excessive alert burden.
However, in an external cohort, these strengths proved fragile. Discrimination remained high, but calibration
degraded, and decision-curve analyses showed little or no net benefit. This indicates AUC alone overstates
deployability; calibration and decision-analytic performance require explicit evaluation across settings. These results
illustrate HMM's promise and limitations for CGM-based decision support. Using the logistic regression model as the
primary alerting signal with HMM P70 for calibration, interpretability, and ensembling could be endorsed as a reliable
deployment strategy. Also, future work focusing on ideal validation involving larger, diverse populations,
incorporating richer contextual data (e.g., insulin dosing, meals), and robust recalibration strategies is recommended
for safe clinical use. HMM P70 provides a calibrated, interpretable risk signal that complements logistic regresssion
models and is suitable for real-time deployment.

Recommendations and Next Steps:

e Combine strengths: Investigate calibrated model stacking or decision rules for alert triggers.
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Prospective validation: Assess alerting performance prospectively, externally, with protocolized alert budgets
and clinician-relevant endpoints.

Calibration in the large: Report slope/intercept and consider lightweight recalibration.

Broaden sensitivity analyses: Vary horizon/refractory windows, event definitions; evaluate subgroup
performance.
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